This paper develops a nonparametric approach for testing whether an information set is useful for generating greater stock market returns. The approach is model free and thus the test of the information does not depend on the particular assumptions of an asset pricing model. Assuming No Arbitrage, a stochastic discount factor (SDF) is constructed from observed market assets. This SDF can be used as a pricing operator for examining dynamic portfolio returns to indicate the information content in the underlying trading strategy. Trading strategies based on technical trading rules are examined with the developed approach. This paper presents a model free test procedure for examining whether an information set can be used to generate excess returns. It allows the incorporation of conditioning information, thus addressing whether additional information assists the trader who has access to a basic information set. The procedure makes use of the nonparametric stochastic discount factor presented by Hansen and Jagannathan (1991) . Simple technical trading rules are then examined using the procedure.
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Background
Informally, refer to an information set as being useful if it aids the investor in predicting returns, or it helps indicate how a portfolio can be adjusted through time to yield higher returns.
The traditional methods of examining information, or for examining a portfolio based on a dynamic trading strategy, require the use of an asset pricing model. The researcher can employ a performance test approach to evaluating a trading strategy. Typically, the researcher applies the trading strategy to a history of asset returns. An asset pricing model, often the CAPM or the APT asset pricing model, is used to evaluate returns generated from the trading strategy. A portfolio that performs better than can be explained by the model indicates that the trading strategy, and thus the information upon which the trading strategy is based, is useful for predicting returns. Hansen and Singleton (1982) pioneered a second approach, the orthogonality test.
Researchers generally use it to test the Efficient Market Hypothesis or an asset pricing model. The test examines the null hypothesis that under efficient markets prices reflect all information available to investors. If efficient markets is correct and the asset pricing model correctly reflects the price generating process, then any information that is available to investors should be orthogonal to the errors of the asset pricing model. Parameters of the model are estimated using observed data. The pricing errors of the fitted model are then tested for orthogonality to information possessed by investors.
Relying on an asset pricing model forces a simultaneous test of the information and the asset pricing model employed, including all of the necessary assumptions of that model. In the performance test, a finding of non-zero performance can also be interpreted as a rejection of the asset pricing model rather than an indication of the value of trading strategy.
Similarly, in the orthogonality test, the researcher cannot distinguish between a rejection of the EMH and a rejection of the asset pricing model. (For statements concerning the shortcomings of using pricing models as a method of performance evaluation and for proposed nonparametric performance test see Merton (1981) , Henriksson and Merton (1981) , Kane and Marks (1988) , Cumby and Modest (1987) , and Chen and Knez (1995) for examples.) Hansen and Richard (1987) note that estimating an unconditional model when the truth is characterized by a conditional model can lead to false rejection of the null hypothesis through the finding of non-zero performance when examining security returns. Typical examinations in the literature rely on estimating models unconditionally or using difficulty implemented procedures to estimate a conditional model. The procedure developed in this paper easily incorporates conditioning information. As a performance measure, the conditional test serves as an examination of whether a trading rule supplements information that may already be available to investors.
Users of technical trading rules such as the ones examined in this paper and by Brock et al (1992) claim that the rules act as a substitute for fundamental information which has not yet become common knowledge, but that a limited population of traders have begun trading on. The claim depends on a less than instantaneous market price adjustment to the new equilibrium, allowing the technical trader to act before the new equilibrium is reached. A finding in which the technical trading rules are useful to the uninformed investor, but not useful to the informed investor, would be consistent with these trader's claims.
The methodology outlined in this paper address unwanted aspect of simultaneous testing of an asset pricing model along with the testing of efficient markets. The developed test is applied to examine the documented success of a number of simple technical trading rules. The returns to a dynamic trading strategy based on the technical trading rules are examined using a conditional as well as unconditional stochastic discount factors. Section I of this paper contains a description of the return environment that provides a platform for constructing the test. Section II describes how information variables can be tested for information content that would be useful for generating greater returns. In section III, the tests are constructed. Two tests are formulated, based respectively on unconditional and conditional expectations. Section IV provides a description of the data and, in section V, the two tests are applied to a set of TTRs. Section VI contains some concluding statements.
I. The Return Environment
In order to develop the testable implication for evaluating the usefulness of technical trading rule information, it is necessary to discuss the environment under which it is assumed asset payoffs and returns are defined. This section is kept brief. Much of the technical framework necessary to conduct the desired examination of information has be developed and extensively discussed in existing literature. What follows are highlighted aspects that are particularly important to the procedure developed in this paper.
Except where noted, bold type face denotes a vector, bold capitals indicate a matrix.
Super-and subscripts other than t indicate information sets. Superscripts indicate a conditioning information set so that Z I indicates that Z is a matrix containing the conditioning information set I. A subscript on m, the stochastic discount factor, indicates that it was constructed using expectations conditional on the information indicated by the subscript.
x t : Nx1 vector of time t payoffs to assets 1 through N. q t-1 : Nx1 vector of t-1 prices for x t . r t : Nx1 vector of returns to assets 1 through N. 
A. Price and Payoff Process
The general framework for prices and payoffs is as described by Hansen and Richard (1987) and Hansen and Jagannathan (1991) with the price and payoff process {q t , x t+1 } for t = 1,...,T. Let the function π( ⋅ ) be a pricing operator such that q t = π(x t+1 ).
Risk-averse, nonsatiated traders ensure that the intertemporal marginal rate of substitution is strictly positive. This, along with linear pricing, is sufficient to ensure the absence of arbitrage opportunities. No Arbitrage (NA) in turn implies the Law of One Price (LOP), which states that alternative methods of constructing the same payoff must have the same price. The NA condition is a requirement of most standard asset pricing models such as the CAPM and APT models.
B. A Description of the Return Environment
First, consider the space of returns attainable from a constant composition portfolio. This is the return space defined by the returns attainable from all possible linear combinations of N assets.
where p is the payoff to the portfolio. Further, define the attainable portfolio returns over time from all constant composition portfolio as
In the pricing environment described by Hansen and Jagannathan, there is a family of stochastic discount factors, M, able to properly "price" the set of returns such that,
where m t ∈ M. Of these, there is a unique SDF constructed from a linear span of the N assets.
.
The feature of m t * which makes it particularly useful for examining information is that it is unable to properly price any asset or portfolio whose return is not in R t (c), meaning that E(r t m t * ) ≠ 1 for r t ∉ R t (c). This is because an asset with a return outside of R t (c) will have a component that is orthogonal to m t *, the orthogonal component contributes to the asset's market value, but is missed by m t *. Other SDFs in M may be able to price some broader component of the return space not limited to R t (c). Since it is in not constrained to properly price any return outside R t (c), m t * is the least restricted of the set of valid SDFs. The No Arbitrage condition requires that valid SDFs be positive at all times.
The return space can be broadened not only by including more assets, but also by considering the returns attainable from a dynamic portfolio of the original N assets. indicate the conditional information set available to the trader at time t-1. Further, let θ t = θ(F t-1 ) be an Nx1 vector of weights based on the information revealed in F t-1 . The information set F t-1 represents the most recently observe data that the trader can use in constructing the portfolio that yields returns at time t. The return space R(θ(F t-1 )) consists of all returns attainable from dynamic portfolios based on the F t-1 information. (Chen and Knez (1995) provide a more detailed explanation of the dynamic portfolio return space.)
Let M (F t-1 ) indicate the more restricted subset of M able to properly price the conditional returns in R(θ(F t-1 )). By iterated expectations, any SDF able to price the conditional returns is able to price the unconditional returns as well (under the conditions of the EMH where prices properly reflect the F t-1 information). As with the unconstrained case, there is a unique SDF m i,t * which is constructed as a linear span of the returns in R(θ(F t-1 )).
Of the SDFs in M (F t-1 ), m i,t * is the least restricted.
Asset pricing models, such as the CAPM, the APT, or Lucas's Consumption CAPM, suggest restrictions on returns such that the SDF implied by the model properly prices all returns in the market. Restrictions to the price and return process in addition to those described above are required to create the necessary environment for the model to work.
These additional restrictions are avoided by using the nonparametric SDF. 
II. Testable Implications
A. Unconditional Testing
By construction, the SDF m t * successfully prices the returns to an asset if that asset can be replicated by a constant composition portfolio of the base assets used to construct m t *.
This is an if and only if statement with one exception. A dynamic portfolio of the base assets can be successfully priced by m t * if the information upon which the dynamic strategy is based is orthogonal to the returns.
Since there exists a SDF such that
it is also true that
Since F t-1 contains z t , it can be moved inside the expectations operator. By iterated
Thus, m i,t is able to price r t z k,t for k = 1, ..., K as well as being able to price the original returns, r t . The constructed series r t z k,t can be thought of as an asset that the conditional m i,t must be able to price in addition to the original returns r t . Consider r t z k,t to be the return to artificial assets. The return series {r n,t z k,t , t = 1,2,…} is the return to purchasing and selling asset n according to the information source z k,t . This represents a dynamic portfolio since the value of z k is time dependent. Mathematically, this return series can be treated as if it is the returns to a new asset, independent of the original N assets in r t . In general, the artificial return is outside the return space R(c) since any constant composition portfolio of the original N assets cannot replicate it. Equations (5) through (7') demonstrate that the SDF m i,t that prices the original set of returns using conditional expectations also prices unconditionally the expanded set of returns that includes the returns to a portfolio constructed using a dynamic trading strategy based on information in the conditioning information set.
Construct m i,t * as a linear combination of r t and r t z k,t , satisfying Equation (7). In addition to pricing the returns to a constant composition portfolio of the original assets, it also prices the returns to dynamic portfolios of the original assets where the dynamic strategy is limited to linear functions of the information variables z k,t for k = 1, ..., K. It cannot accurately price any return not included in this linear space.
The unconditional test derives from the fact that m t * is less constrained than m i,t *.
Since the random variable r t z k,t is not a linear combination of the r t returns, it is outside the space of R(c), and thus is improperly priced by m t *. In general,
However, the special case in which z k,t is orthogonal to the returns, and thus orthogonal to m t * as well, results in
B. Conditional Testing
By construction, the SDF m i',t * successfully prices the returns to an asset if that asset can be replicated by a constant composition portfolio of the base assets used to construct m i',t *, or by a dynamic portfolio of the base assets in which the dynamic trading strategy is a linear function of the information in F t-1 '. A dynamic portfolio based on a broader set of information, F t-1 , cannot be priced by m i',t * with one exception. The exception is if the addition information is orthogonal to the returns generated from
The argument follows the same line of reasoning applied to the unconditional SDF.
Consider {z k,t , k = 1, … ,K-1} to be elements of an element of F t-1 ' but not z K,t , which is an
The SDF m i',t * is unable to price r t z K,t , yielding
The exception is if z K is orthogonal to the base returns and to the dynamic returns, r t z k,t .
III. Construction of the Tests
The empirical evaluation of a dynamic strategy in general, and of TTRs within the context of this paper, depends on a measure of the extent to which a SDF, unconditional or conditional, is unable to price the returns to the dynamic trading strategy in question. The measure of this pricing error, λ, has a value of zero under the null hypothesis that the trading strategy is useless. The test can be characterized as either an orthogonality test between the series of pricing errors and the TTR information set, or as a performance measure resulting from pricing a dynamic portfolio return based on the TTR using the a nonparametric SDF.
A. Derivation of the Test
For any SDF m, define
as the Nx1 vector of pricing errors. The realization of (r t m t -1) is an orthogonal series to the information used to construct the discount factor. In the unconditional case, the error is orthogonal to the returns. In the conditional case, the error is orthogonal to the returns and to linear combinations of the returns and the conditioning information. Consider an information set consisting of technical trading rules, F TR . Under the null hypothesis that the TTR information is useless for generating excess returns, the pricing error series is orthogonal to 13 the technical trading rule information. The test will be whether a vector of trading rule information, Z TR ∈ F TR , is orthogonal to the pricing error.
The first test determines whether technical trading rules contain any useful information.
This requires construction of the unconditional SDF, ,
from the observed returns. Define λ(m*,
Define as the sample analogue of λ(m*,Z TR ),
where in sample, m t * is estimated by .
Define an H-statistic as (17 The conditional test is to determine whether the technical trading rules contain useful information beyond that which is common knowledge about market conditions. Consider 
The formula for computing the conditional stochastic discount factor m p,t * is .
In sample, this is estimated by .
The proposed test is to examine whether the SDF constructed using the public information is able to price returns constructed using the technical trading rules. If so, this indicates that technical trading rules are orthogonal to returns attainable through a trading strategy based on the public information, and thus cannot be used to expand the space of attainable returns for an informed investor. If the conditional SDF is unable to price the r t z t,k TR returns, then the trading rules remain conditionally correlated with pricing error and can be used to generate a larger set of attainable returns. The H-statistic for the conditional test is computed using the technical trading rule information (21) where (22) and is the sample analogue of λ(m p *,Z TR ).
The H-statistic is asymptotically χ 2 -distributed with N⋅(k TR ) degrees of freedom under the null that the pricing error is zero. Comparing the conditional to the unconditional pricing error, the "artificial asset" being priced, , is the same in both cases. The value of the returns, determined by the different SDF, is what has changed.
B. The Empirical Test
In the empirical analysis that follows, it is convenient to execute a linear transformation of what was described in the previous section. Rather than examining returns and determining whether an artificial asset is properly priced by the SDF, excess returns are examined. The SDF m* is able to price any linear function of the returns used to construct it.
Let r 1 be the return to a risk free bond. Excess returns such as r r 2 1
− represent a zero cost portfolio.
The unconditional test is of the form
, * 1 TR (23) which derives from the fact that under the null,
Thus, the new pricing error is
Although this test is weaker than pricing each asset separately, in practice, the H-statistic is only minimally affected (decreased by less than 0.01, much less in most cases).
The series ( ) The conditional test uses the same procedure as the unconditional, substituting m p,t * in place of m t * in Equation (25).
C. Interpreting λ
At the most basic level, λ is an indicator variable. In the unconditional case, a zero value indicates that the asset being examined is in R(c), whereas a non-zero value indicates the asset is outside of R(c) and cannot be replicated by a linear combination of the original assets used to construct the SDF.
It is tempting to assign an economic interpretation to a non-zero value of λ.
Unfortunately, the aspect that makes the procedure particularly useful for examining information also strips λ of economic meaning. As an illustration, consider three assets with returns r 1 , r 2 , and r 3 (where E(rr'), r = {r 1 , r 2 , r 3 }, is non-singular). The first two are used the construct the SDF m t *. These two assets then define the return space R(c). Using m t * to price the returns to the third asset will result in a non-zero λ value. Let be the projection of r 3 onto R(c) so that r 3 = + e, where e is orthogonal to r 1 and r 2 with E(e) = 0. Thus, looking at excess returns 
The outcome results from the facts that e and m t * are uncorrelated, m t * prices r 1 and r 2 , and 1/E(m t *) = r f , the riskfree rate of return. A λ > 0 value indicates that, though an asset paying r 3 -r 1 has a zero cost, the portfolio of r 1 and r 2 that replicates implies (r 3,t -r 1,t ) costs λ ≠ 0 units to construct. Interpretation of λ is limited because r 3 does not exist in the space of r 1 and r 2 . Thus, declaring a price for r 3 based on the value of in R(c) space can be misleading. The price is not constructed within the context of a model. Only after imposing a model by say, claiming that m t * is an estimate of the intertemporal marginal rate of substitution, can one say that λ is then the market value of the excess return, even though the actual price is zero.
The inability to assign an economic interpretation to λ limits the issues that this analysis can be used to address. Under the Efficient Markets Hypothesis, if the third asset exists in market equilibrium, then r 3 must have a price of one. Trivially, a SDF able to price all three returns is the m t * constructed from all three assets. It is only in special cases in which theory indicates the third asset should be properly priced by a SDF constructed from the first two assets. This includes the situation explored in this paper where r 3 is the return to a dynamic trading strategy of the first two assets, with a null hypothesis that the trading strategy is not useful for generating excess returns. For this reason, the test procedure outlined in this paper is only useful for assessing information and examining the efficient markets hypothesis on the basis that prices should already reflect that information.
Using a given SDF, portfolios are rankable according to λ. Expanding the set of returns used to construct the SDF (expanding R(c)) will change the λ value of a portfolio and possibly the relative rankings. For each portfolio, the direction of the change in λ depends on the direction of the correlation between the newly captured component of the portfolio's return and the expanded SDF. As long as the expanded R(c) does not fully contain the portfolio being priced, the direction of the correlation is unconstrained.
The conditional test is simply a special case of this type of expansion where the additional assets are dynamic portfolios of the original assets. As such, a portfolio with a non-zero λ(m*,Z TR ) but a zero-valued λ(m p *,Z TR ) is a portfolio that cannot be replicated from the constant composition portfolios that define R(c), but is replicated by a linear combination of the original returns and the returns to dynamic portfolios based on the conditioning information set. Placing bands around the long run average is another common practice. A one percent band means that the short period moving average must move above 101% percent of the long period moving average to be a buy indicator and must move below 99% to be a sell indicator.
IV. Data
A. Returns and Trading Rules
If the short period is within this range, the hold signal tells the trader not to take a position.
The notation (s,l,b) indicates the short-period (s), long-period (l), and band width (b) rule used for a particular trading rule.
The risky asset under consideration is the CRSP value-weighed market portfolio, thus the technical trading rule series are constructed using the price series of this portfolio. The TTR series, z t TR , consists of 1, 0, and -1 values, with 1 indicating a buy period and -1 indicating a sell period. When the one percent band is used, 0 indicates that the short period moving average is within the band.
B. Public Information
There are two types of conditioning information used in this analysis. The first group consists of four market indicators. These variables are available at the daily frequency. All four are variables that indicate fundamental conditions of the market and are also often found in the existing literature testing the forecastability of returns (see for examples Chen, Roll and Ross (1985) , Ferson and Korajczyk (1992) , Connor and Korajczyk (1992) , and Farnsworth et al (1995) 
V. Results
Results are divided into four categories. Subsections A and B discuss the basic unconditional and conditional testing of the TTR returns. Subsections C and D address some of the issues raised concerning the basic tests. Subsection C is an analysis based on a SDF constructed using 24 assets. Subsection D replaces the market portfolio with IBM stock returns as the second asset in order to make the TTR more true to a real world application. ( Table 1 about here) Brock et al (1992) found that for the rules with bands, a buy signal was associated with higher average returns and a sell signal was associated with more negative average returns as compared to the corresponding zero band signal. With frictionless trading, use of the banded rules might appear to be the preferred trading rule, but the result is misleading. 
A. Results of the Unconditional Test
B. Conditioning on Market Information
Columns 5 through 7, 9, and 11 through 13 of In subset A, the unconditional test results are very close to those of the full data set.
The λ and H-statistics remain relatively unchanged when Term1 and Term2 are each separately included as conditioning information variables. When both the term structure variables are included, the λ estimates on all of the trading rules decrease and all of the Hstatistics become insignificantly different from zero. The return series attainable through the use of the TTRs, when evaluated with the knowledge of both term structure variables, loses value to the extent that they no longer provide the trader with statistically significant excess returns. The duality of the test allows two interpretations of these results. The more financial oriented interpretation is that the value to the trader provided by the TTR based portfolio over a constant composition portfolio is largely encompassed by a trading strategy based on the two term structure variables. A statistical interpretations is simply that the trading rules are less correlated with the pricing error of the conditional SDF as compared to the unconditional SDF. When the trader prices the returns using the knowledge of the term structure, the returns offered by the TTRs appear to be insignificantly correlated with the pricing errors (though still positive correlated).
In both subsets B and C the unconditional individual tests have insignificantly small Hstatistics. The conditional tests for subsets B and C have pricing errors that tend to be larger than those of the unconditional tests. All of the conditional pricing errors decrease when compared to the unconditional pricing errors (except for trading rule 8 in subset B). In a number of cases, the conditional pricing error is farther from zero, with large magnitude negative pricing errors. The results indicate the TTR trading strategies which offer mostly small advantages when evaluated with no conditioning information, are determined to offer mostly negative value when the trader has the term structure and quality information variables.
Recall though, that the test is for informational content, and thus the distance from zero is the measure of how much information is contained in the trading rule. By enlarge, the pricing errors are insignificantly different from zero. In the last column, only the (1, 50, 0) trading rule has a negative pricing error with a significant H-statistic (the (1, 50, 0.01) trading rule has a p-value of 0.109). However, the negative λ estimate for each trading rule indicates that to an informed investor, during the period covered by this sub sample, a contrarian trading rule would earn positive profits.
C. Using Additional Assets to Construct m*
The unconditional tests implemented in section A above may not yield results all that different from a standard CAPM analysis. The CAPM model's pricing mechanism is based on the same returns used in the construction of the unconditional SDF, i.e., the returns to a market portfolio and to a risk free asset. The CAPM SDF applied to the TTR returns yields the λ estimates reported in Table 2 . As a comparison to the nonparametric SDF, the CAPM pricing errors are similar, though with smaller pricing errors on all but TTRs (5,200,0) and (5,200,0.01).
( Table 2 about here)
Another concern with using the nonparametric SDF based on such a small set of assets is that the dynamic "asset" r t z k,t replicates an asset that already exists in the market, but is not included in the base set of N asset. In this case, the test procedure assigns r t z k,t a non-zero λ, giving the appearance that the information is useful to the investor. The reality may be that, for the purpose of forming a portfolio using the two base assets, r t z k,t replicates an existing traded asset already available in the market. As a performance measure, we may wish to give r t z k,t a zero performance rating in this special case.
To address this second concern, ideally, the SDF would be constructed from all of the tradable assets of the market. Thus, a market SDF m m *, which is an element of M, would be used to price the dynamic portfolio returns of the TTRs. A dynamic trading strategy that could not be properly priced by m m * would truly represent returns that could not be replicated by any constant composition portfolio of existing marketed assets. Unfortunately, calculating the market SDF using all of the existing traded assets is computationally infeasible. As a substitute, a SDF is constructed using a total of twenty-four aggregated portfolios. In addition to the original two assets, the market portfolio and T-bill returns, are the returns to ten portfolios constructed by grouping assets according to the capitalization size of the firm and the returns to twelve portfolios constructed by grouping firms by their SIC codes.
Using the same procedures outlined in section IV, the stochastic discount factors are created, but in this case, the non-negativity constraint on the SDF is binding. Thus, the procedure for estimating a non-negative SDF as outlined in Hansen and Jagannathan (1991) must be used for this section. Refer to the non-negatively constrained SDFs as m 24 + and
The results from using m 24 + and m 24,p + to price the same (r 2,t -r 1,t )z t TR returns are contained in Table 3 . For the full data set, the use of m 24 + generally lowers the estimates of the pricing errors, but does not particularly change the conclusions drawn from Table 1 .
However, the conditional tests using m 24,p + as the SDF differ greatly from the original results.
In Subset A, the trading rules are useful to the trader regardless of the term structure information. This indicates that in the return space constructed from the twenty-four assets, making use of the term structure information does not contribute to the investor's attempt to replicate the returns derived from the TTRs. For Subsets B and C, the TTR returns are priced with λ estimates that are all statistically insignificantly difference from zero, but unlike the results in Table 1 , the pricing errors are primarily positive.
( Table 3 here)
Imposing non-negativity on the SDF significantly changes the outcome of the test.
Though not reported, the m 24 * and m 24,p * SDFs without the non-negativity imposed provide results similar to those reported in Table 1 Table 4 . For the full data set, and for subset A, all of the H-statistics indicate that the unconditional λ estimates are significantly different from zero at the 10% level.
Many are significant at the 5% level. As with the market portfolio, the λ estimates are all positive for these data sets. As with the market portfolio, conditioning on both Term1 and Term2 reduces the λ estimates, but unlike the market portfolio, the conditional λ estimates remain significantly different from zero. The term structure variables may provide good information about the state of the overall market, but not on the state of IBM stock in particular. The usefulness of the trading rules is more likely to be affected by information specific to IBM fundamentals.
Another difference between using IBM stock and the market portfolio is that the conditional estimates of λ in subset C remain near zero, rather than turning negative. Finally, the Joint tests of the λ estimates are each insignificantly different from zero.
( Table 4 here)
VI. Concluding Remarks
A test method is developed for determining whether a set of information is useful for predicting asset returns which is model free and can incorporate conditioning information.
Examining some simple technical trading rule strategies finds estimates for the performance measure, λ, that are positive and significantly different from zero for many of the trading rules. Using basic fundamental conditioning information that is composed of two term structure variables, the λ and H-statistics remain positive, but are smaller and insignificantly different from zero. These results indicate that the conditioning information is important for evaluating performance. The investor who uses a dynamic trading strategy based on the term structure variables may not find the TTRs useful, as does the uninformed investor.
Including the quality conditioning measure required that the sample size be reduced from 6714 to 1010. In this sub sample, the H-statistics are insignificant for many of the trading rules, rendering the results inconclusive. Nevertheless, the differences between the unconditional and conditional test are interesting. The trading rules tend to have unconditional λ estimates that are positive or close to zero, but the conditional estimates are uniformly negative, indicating a negative performance measure for the trading rules to an informed investor. Though statistically insignificant, the indication is that the TTRs are information that may be useful for making predictions during this time period.
Expanding the basic set of assets used in constructing the SDF indicates whether the information remains useful to an investor who has the ability to trade assets other than just the basic T-bill and the market portfolio. The most notable difference generated from using the expanded return space is that the TTRs remain useful, even when the two term structure variables are conditioned upon. The results indicate that the TTR-based portfolios do not replicate other existing assets in the market.
Finally, using IBM stock returns rather than the market portfolio finds the TTRs to be effective, with the term structure conditioning information decreasing the performance measure, but many of the TTR performances remain significantly different from zero. 
